Introduction {#s1}
============

Exposure to atmospheric particles, or particulate matter (PM), is associated with chronic and acute health effects such as premature death, cardiorespiratory morbidity, and increased daily hospital admissions (e.g., [@c17]; [@c40]; [@c49]). Atmospheric particles have diverse physiochemical properties that determine their environmental fate and their interaction with human bodies. Therefore, a detailed and thorough characterization of individual atmospheric particles is essential to understand proper dose metrics for associated health effects ([@c6]).

Conventional PM exposure studies rely on bulk measurement techniques such as collecting particles onto substrates (filters) to determine total mass concentration (e.g., [@c12]; [@c17]; [@c49]). These types of mass measurements are easy to conduct and can provide trace elemental composition using techniques such as X-ray fluorescence ([@c20]; [@c27]). However, they only provide bulk data on the entire particle population. In the atmosphere, a particle population comprises hundreds to tens of thousands of individual particles per cubic centimeter. It is difficult to disaggregate bulk mass data into atmospherically relevant groups that differ in physiochemical characteristics of individual particles. This is an issue because particles emitted from different sources have different properties ([@c31]; [@c32]; [@c51]). Measuring the physiochemical differences is critical in order to identify the sources responsible for elevated exposure levels and health effects because emissions in populous urban areas are highly inhomogeneous and dynamic ([@c15]; [@c34]).

[Figure 1](#f1){ref-type="fig"} presents a conceptual illustration of what filter data (or other types of mass-based bulk measurements) miss for estimating intra-city exposure contrasts. In the atmosphere, different particles carry different chemical fingerprints and different sizes depending on their sources. In high source--impact locations such as urban centers, freshly emitted particles directly emitted by sources are more numerous than background particles, which mainly comprise secondary species formed from atmospheric chemistry. In downwind suburban areas with low emissions, the number concentration of freshly emitted particles greatly decreases. Freshly emitted particles are often smaller than background particles that have undergone substantial atmospheric processing, a process which grows particles via coagulation and condensation of secondary materials ([@c63]). Therefore, freshly emitted particles are generally minor contributors to PM mass but may be major contributors to particle number, depending on the location. Mass-based measurements only provide total PM mass and chemically resolved mass from further analysis, with no information on individual particle characteristics such as size, number concentration, and composition. Individual particles are what deposit in the lung, not the bulk particle mass collected on a filter. The properties of these individual particles control their deposition characteristics and likely their toxicity. Therefore, improved knowledge of individual particle properties is likely important for developing a mechanistic understanding of the causes of health effects associated with PM. In addition, relying solely on mass concentration for human exposure estimates conceals the intra-city spatial heterogeneity of particle populations because most of the mass is dominated by background particles whose pollution patterns are regional ([@c43]).

![A conceptual illustration of PM in the atmosphere versus traditional mass-based bulk measurements of fine particle pollution. Different colors represent particles from different sources with different chemical composition. Conventional bulk measurements provide only total mass information. Some may provide mass-based contribution from different chemical constituents after further analysis. Such measurements are blind to particle physiochemical properties such as number concentration, size, and chemical mixing state. Although the total mass loadings may be similar, these properties differ greatly between highly source-active areas such as downtown and suburban areas low in emission sources in which particles have experienced greater extents of atmospheric processing. These properties potentially have important health implications, but it is difficult to use bulk measurements to capture the associated exposure variability.](ehp-128-017009-g001){#f1}

Growing evidence suggests that number concentrations of ultrafine or submicrometer particles are an important indicator for adverse health effects ([@c3]; [@c11]; [@c37]; [@c39]; [@c58]) due to their large surface-to-volume ratio and their high efficiency to deposit into the deeper respiratory system. Particle number measurements typically use optical particle counters, which do not resolve composition (and therefore sources). As a result, spatial models \[e.g., land-use regressions (LURs)\] have major challenges in accurately predicting particle number concentration ([@c25]; [@c38]; [@c50]) given that the sources of the particles are largely undetermined. Some studies have used methods such as positive matrix factorization to reveal important sources for particle number concentration ([@c26]; [@c52]; [@c53]), but these studies often rely on a limited number of stationary sites and therefore may not capture the intra-city spatial patterns of population exposure.

The mixing state is a micro-scale chemical property commonly used to describe the heterogeneity in chemical composition of individual particles across a particle population. Bulk measurements cannot resolve the chemical mixing state of atmospheric particles. In an externally mixed population, individual particles have different chemical compositions. This usually indicates that particles are emitted by different sources, similar to the downtown atmosphere depicted in [Figure 1](#f1){ref-type="fig"}, where particle number concentrations are dominated by freshly emitted particles from various sources. In contrast, in downwind areas or background regions, each particle has more similar chemical composition (internally mixed) due to atmospheric processing that homogenizes chemical composition ([@c33]; [@c44]).

The mixing state may affect particle-health associations because it changes particle properties such as water solubility and deposition efficiency in the respiratory tract ([@c8]). In addition, different chemical species in individual particles may interact synergistically after being inhaled ([@c14]; [@c21]; [@c56]). Therefore, it is likely that some of the reported inter-city heterogeneity in PM health effects ([@c13]) is due to differences in mixing state. Particle mixing state changes greatly in areas with different emission activities ([@c59]). However, previous studies have not characterized the variability of exposure to particle mixing state, so it is difficult to assess its association with PM health effects.

Advanced single-particle mass spectrometers, which measure real-time size and chemical composition of individual particles with high sensitivity and time resolution, have been widely used to understand atmospheric chemical processes ([@c9]; [@c54]; [@c59]; [@c60]). Because particle physiochemical properties are measured on the single-particle basis, one can disaggregate the entire population into subgroups of particles from different sources. In addition, the chemical mixing state can also be readily computed by quantifying the varieties of species constituting individual particles and in the entire population.

In this study, we first present state-of-the-art single-particle measurements to characterize and quantify intra-city spatial variabilities of source-resolved particle number and chemical mixing state in various locations in a metropolitan area. We then build LUR models ([@c22]) to predict their spatial patterns. We combine the predicted concentrations with U.S. Census (<https://www.census.gov/geographies/reference-maps/2010/geo/2010-census-tract-maps.html>) block group data to investigate fine spatial scale population exposure to source-resolved particles with the integration of chemical mixing state. We finally compare source-resolved particle number and mass concentrations, suggesting the need to incorporate more physiochemical details of PM in future health studies.

Methods {#s2}
=======

Study Area and Mobile Sampling {#s2.1}
------------------------------

We conducted *in situ* atmospheric measurements in Pittsburgh, Pennsylvania, and its surrounding suburban areas in Allegheny County from August 2016 to February 2017. Pittsburgh is located at the confluence of three rivers---the Allegheny, Ohio, and Monongahela---with a complex topography with rivers, hills, and valleys. The region has longstanding air pollution problems that are caused by complex sources from local industrial activities, vehicular emissions, commercial activities, transported power-plant emissions, and other regional emissions ([@c57]). Recent air-quality measurements in Pittsburgh have showed that the dominant anthropogenic sources of urban PM are emissions from traffic and restaurant cooking ([@c16]; [@c45]).

We performed highly spatially resolved sampling using an aerosol mass spectrometer (AMS) capable of single-particle measurements (details below) deployed on a mobile laboratory (a gasoline-powered cargo van). Sampling was performed while driving the laboratory through various neighborhoods in the Pittsburgh region. The mobile laboratory contained other on-line instruments including a NanoScan particle sizer (TSI Inc.) and gas monitors. The sampling inlets were mounted on the roof of the mobile lab and there was negligible self-sampling. When the van was stationary with the engine on, we observed no increase of signals measured by the onboard instruments. When the van was moving, self-sampling was even less likely because of the inlet location. More detailed information about the mobile laboratory can be found in Li et al. ([@c29]).

We conducted systematic sampling in areas having large contrasts in traffic and restaurant emissions. We drove the van in 20 neighborhoods ([Figure 2](#f2){ref-type="fig"}) covering upwind suburban, city center, and downwind suburban areas with different land-use types. Each neighborhood was visited one to six times. We visited a neighborhood only once within a sampling day and we sampled only during weekdays free of precipitation. We also conducted our measurements in different hours of the day (rush hour, nonrush hour, mealtime, non-mealtime) to reduce biases toward low or high emissions. In each visit, we endeavored to cover all streets in the neighborhood, which took 30--60 min. In total, we analyzed about 92,000 individual particles collected during the mobile sampling.

![(A) A map showing the 20 neighborhoods (filled areas) where we made spatially resolved measurements of individual particle concentration and chemical composition as well as the central reference site (CMU campus, red star). The black arrow shows the prevailing winds in Pittsburgh with an inset showing the distribution of wind direction (hourly wind data from <https://www.wunderground.com>). (B) Number concentration (from this study) and mass concentration (from [@c16]) for the 20 areas ordered from upwind to downwind locations. The number concentration shows a larger spatial variability across the urban area compared with particle mass. It is mainly driven by primary emissions from traffic and cooking. The mass concentration is dominated by background particles and shows much smaller spatial variability. (C) Size distribution for three representative environments measured by a NanoScan particle sizer (TSI Inc.) on a mobile van: in a tunnel, in a restaurant plume, and at the CMU campus urban background site. The upper tail of the distribution in the tunnel is from background air that gets pulled into the tunnel. Note: CMU, Carnegie Mellon University campus; dN, particle number; $D_{p}$, particle diameter; ${PM}_{1}$, mass concentration of particulate matter with a diameter less than 1 micrometer; $\text{PN}_{50–1000}$, number concentration of particulate matter with a diameter between $50\text{ \ and\  }1,000\text{ \ nm}$.](ehp-128-017009-g002){#f2}

In addition to mobile sampling, we also collected stationary data when the mobile lab returned from the field and was parked at the Carnegie Mellon University (CMU) campus, which represents an urban background location without significant local emissions. The CMU campus is used as a central reference site in this study. We also performed continuous stationary sampling at the CMU campus using a scanning mobility particle sizer (SMPS; TSI Inc.) to measure particle number size distribution. Data from the SMPS were used for temporal corrections (described in the next section, "Source-Resolved Particle Number Measurements from Single-Particle Mass Spectrometry") of the mobile sampling data.

Source-Resolved Particle Number Measurements from Single-Particle Mass Spectrometry {#s2.2}
-----------------------------------------------------------------------------------

The central instrument is an AMS (Aerodyne Research, Inc.) that can measure both aggregated particle mass as well as single-particle size and composition. The bulk particle mass data are described by Gu et al. ([@c16]). The single-particle mode in the AMS can obtain quantitative mass spectral signals as well as the aerodynamic diameter for each individual particle detected. A detailed description of the single-particle mass spectrometer can be found in the Supplemental Material in "Single particle aerosol mass spectrometer" and in Ye et al. ([@c59]) and Onasch et al. ([@c36]). The AMS used in our study can measure nonrefractory components (organics, sulfate, ammonium, nitrate, and chloride) but also black carbon soot in particles. In the AMS, vaporization and ionization processes are separated, producing consistent mass spectra for particles consisting of similar chemical species. The electron ionization (EI) fragments individual organic molecules (into a mass spectrum) so the AMS does not provide molecular speciation but, rather, quantifies the aggregate organic composition (C, H, O, N) within an individual particle. This allows us to identify sources of particles based on the well-documented mass fragments ([@c2]) and their spectral similarity to particles from known sources summarized in the AMS spectral database (<http://cires1.colorado.edu/jimenez-group/AMSsd/>).

For the thousands of individual particles collected in every neighborhood, we first performed *k*-means clustering on their normalized mass spectra, separating the particles into a number of distinguishable groups. Then, by comparing the average mass spectrum of each group to the AMS database, we identified the source of each group. Broadly, particles are categorized into three types, two types of freshly emitted particles and background particles. First are what we refer to as traffic particles in the remainder of this paper: hydrocarbon organic aerosol (HOA) particles that are rich in reduced organic fragments (e.g., $C_{n}H_{2n + 1}^{+}$) and may contain soot fragments (e.g., $C_{3}^{+}$). They are associated with vehicular emissions ([@c62]). Second are cooking organic particles (COA) that are rich in $C_{m}H_{2m - 1}{CO}^{+}$ and are associated with cooking emissions ([@c62]). We refer to them as cooking particles. Third are background particles that contain a dominant fraction of inorganic species such as sulfate or nitrate, and/or oxygenated organic fragments (e.g., $\text{COO}^{+}$ and $C_{2}H_{3}O^{+}$) ([@c61]). These secondary fragments indicate that these particles have undergone considerable atmospheric aging. We show the average mass spectrum of each group in Figure S1 with comparisons with known sources in Figure S2. Each particle is categorized into only one group. However, in reality, an individual particle may contain more than one chemical fingerprint, for example, a particle may contain both reduced organics and sulfate. The grouping and source attribution are based on the dominant chemical fingerprints.

Due to the design of the AMS inlet, we only collected particles from $50–1,000\text{ \ nm}$ in aerodynamic diameter ($D_{p}$). Single-particle detection is based on the ion signals generated by individual particles and the detection is triggered only when the signals exceed a user-defined threshold. The single-particle AMS detects only a fraction of the particles sampled into the instrument due to the instrument dead time and the insufficient signals generated by some of the particles. Smaller particles have lower detection efficiency because they generate fewer ions. To quantify particle number concentration measured from the single-particle AMS, we performed size-dependent corrections on the particle number measured by the AMS using the number measured from the SMPS when the van was parked on campus. The SMPS was operated continuously throughout the entire campaign in the central reference site. The correction factors are the ratios of number concentrations measured by the SMPS and the number concentrations measured by the AMS in different size bins ([@c41]), as shown in Figure S3. The uncertainty (relative standard deviation) of the correction factor was estimated to be 15--46% (shown as error bars in Figure S3) depending on particle size and instrument stability on a day-to-day basis.

We also used particle number measurements from the SMPS to adjust for temporal variations of our mobile sampling. The adjustment factors were computed using $N_{t}/N_{\text{avg}}$, the ratio of number concentration during the time of the sampling and the annual average number concentration derived from the SMPS. The AMS does not detect road dust, one important type of PM in the urban environment ([@c46]). However, we did not expect road dust to be a major source for particle number (or mass) $< 1,000\text{ \ nm}$.

Particle Mixing State Quantification {#s2.3}
------------------------------------

To quantify the chemical mixing state of a particle population, we used the mixing state metric $\chi$ based on information--theoretic entropy measures developed by Riemer and West ([@c42]). $\chi$ quantifies the diversity of chemical species in individual particles with respect to the whole particle population.

For a population of *N* particles, the mixing entropy value, $H_{i}$, for every particle is calculated as follows: $$H_{i} = \sum\limits_{a = 1}^{A}{- \, p_{i}^{a}\text{ \ ln\  }p_{i}^{a}.}$$

The mass fraction of particle *i* in the particle population is $p_{i}$. *A* is the total number of chemical species. The mass fraction of chemical species *a* in the particle population is $p^{a}$. The mass fraction of species *a* in particle *i* is $p_{i}^{a}$. The average particle mixing entropy, $H_{\alpha}$, is calculated using $$H_{\alpha} = \sum\limits_{i = 1}^{N}p_{i}H_{i}.$$

The mixing entropy of the population is given by $$H_{\gamma} = \sum\limits_{a = 1}^{A} - p^{a}\text{ln\  }p^{a}.$$

The average single particle diversity ($D_{\alpha}$) is $$D_{\alpha} = e^{Ha},$$and the bulk population diversity ($D_{\gamma}$) is $$D_{\gamma} = e^{H\gamma}.$$

The mixing state metric $\chi$ is then calculated as $$\chi = \frac{D_{\alpha} - 1}{D_{\gamma} - 1}.$$

Here we include organics, nitrate, sulfate, chloride, and black carbon in the mixing-state calculation. We do not include ammonium due to the large background interference in the instrument. We treat all organics as one chemical species, without further separation of fresh and aged organics. This is because of the small number of ions derived from individual particles, which precludes further separation on a single-particle basis.

For atmospheric particles, $\chi$ of a particle population is somewhere between 0% and 100%. Zero percent indicates full external mixing, meaning that the particle population consists of individual particles with distinct chemical constituents. One hundred percent indicates full internal mixing, meaning all particles have identical composition. $\chi$ in the urban background areas of Pittsburgh and of Paris, France, are found to be 50--60%, suggesting particles are midway between a complete external and a complete internal mixture ([@c18]; [@c59]).

Land-Use Regression Models {#s2.4}
--------------------------

To predict the fine spatial-scale number concentration (in $n{/{cm}}^{3}$) of traffic and cooking particles as well as the chemical mixing state of particle populations in Pittsburgh, we built LUR models using available land-use predictors with a range of buffer areas. We first constructed raster cells at $5\; m \times 5\; m$ resolution using ArcGIS (Esri). Each raster has the associated land-use values. For any grid sizes that we used to build the models (for sampling neighborhoods or the subdivided areas, see below), we used the ArcGIS tool zonal statistics to calculate corresponding land-use values based on the $5\; m \times 5\; m$ raster cells. We list all of the covariates and the data sources in Table S1. These data are from the databases of the Allegheny County Health Department (<http://infoportal.alleghenycounty.us/data.html>), the Pennsylvania Department of Transportation, the National Emission Inventory (<https://www.epa.gov/air-emissions-inventories/2017-national-emissions-inventory-nei-data>), the Pennsylvania Spatial Data Access (<http://www.pasda.psu.edu/uci/DataSummary.aspx?dataset=56>), and the U.S. Census (<https://www.census.gov/geographies/reference-maps/2010/geo/2010-census-tract-maps.html>).

We used a similar model construction procedure as used by Li et al. ([@c29]) and Eeftens et al. ([@c12]). In brief, we used the forward variable selection approach to select the covariates, which only added a new covariate to the model if it produced the highest $R^{2}$. The variable selection process continued until the newly added covariates improved the overall $R^{2}$ by $< 0.01$. For all of the covariates selected, we further examined their *p*-values and removed those having $p > 0.1$. Last, we tested the variance inflation factors (VIF) for collinearity and removed covariates with $\text{VIF} > 3$.

We derived separate models to predict three quantities: *a*) number concentration of traffic particles, *b*) number concentration of cooking particles, and *c*) particle mixing state. For traffic and cooking particle concentration predictions, because our measurements are source-resolved, we restricted the models to select only covariates from categories related to vehicle emissions and cooking activities. These categories include traffic, restaurants, housing, population, commercial land use, and elevation. We refer to these models as source-specific LUR models. For comparison, we also developed models for traffic and cooking particles using covariates from all land-use categories, which we refer to as full LUR models. The two types of LUR models agreed well, as shown in "Results" section. For mixing state prediction, given that we did not have prior knowledge about what categories of covariates may affect mixing state, we developed a full LUR model using all covariates.

As described above and in [Figure 2](#f2){ref-type="fig"}, we sampled 20 neighborhoods in Pittsburgh and its surrounding regions. Our final LUR models were built using $200\; m \times 200\; m$ spatial resolution. Ideally, we would subdivide all neighborhoods into $200\; m \times 200\; m$ areas for model construction. However, we did not have enough collected particles to do so. We were only able to subdivide 10 of the 20 neighborhoods into $200\; m \times 200\; m$ grids (see Figure S4). There were two reasons. First, there was sufficient signal for us to further subdivide the 10 more urban neighborhoods that had higher particle concentrations. The other 10 neighborhoods were more suburban/rural, so we collected comparatively fewer particles. Second, as shown in Figure S5, the 10 subdivided areas had large subneighborhood variabilities in vehicle and restaurant density, two main sources for ambient particles we identified. The other 10 neighborhoods were relatively homogenous in vehicle and restaurant density and were therefore expected to be more homogeneous in terms of pollutant concentrations ([@c30]).

We used the neighborhoods and the subdivided $200\; m \times 200\; m$ areas that had 250 or more detected particles to build the LUR models. We established this criterion by first calculating the normalized size distribution from the particles collected at the CMU campus, then deriving the normalized size distribution from particles randomly sampled from the particle pool. By looking at the estimated errors of size distributions from the subsamples as a function of the sample size, we determined that a sample size of 250 particles was sufficient to reproduce the size distribution of the entire population with relatively small errors (see Figure S6). There were fifty-five $200\; m \times 200\; m$ small areas with more than 250 detected particles. Combining the remaining 10 neighborhoods, we used 65 distinct areas to build the models. In total, we had about 250 area-visits that covered about $14{\,{km}}^{2}$, shown in Figure S4. We also developed models using only the $200\; m \times 200\; m$ subdivided areas. As discussed in the "Results" section, two types of models shared highly similar predictors.

We evaluated LUR model performance using $R^{2}$, 10-fold cross validation, absolute mean error (AME), and root mean square error (RMSE). For the cross validation, we randomly partitioned the measurement data into 10 equal-sized subgroups. Every time, we used 1 subgroup as the validation data to test the model and 9 subgroups as training data. We repeated the process so that every subgroup was used once as the validation data set.

Results {#s3}
=======

Freshly Emitted Particle Number Drives Spatial Variability Invisible in Mass {#s3.1}
----------------------------------------------------------------------------

[Figure 2A](#f2){ref-type="fig"} is a map showing the 20 mobile sampling neighborhoods and the CMU campus site. We numbered the neighborhoods from upwind to downwind. [Figure 2B](#f2){ref-type="fig"} contrasts the number with mass concentration for the sampling areas along the prevailing wind direction. There is a large spatial heterogeneity of total number concentration across the urban scale. This heterogeneity is mostly driven by freshly emitted particles, whereas the concentration of background particles is relatively homogeneous spatially. In areas upwind of the city, the majority of the particles are aged background particles that are presumably transported regionally and have experienced extensive atmospheric processing. As air masses travel to the city center, the concentrations of freshly emitted particles grow substantially due to emissions from traffic and restaurant cooking. In these areas, the freshly emitted particle number concentration exceeds the background particle number concentration by more than a factor of three in the size range of $50–1,000\text{ \ nm}$ measured by our instrument. In downwind suburban areas such as neighborhood 20, which has low vehicle and restaurant activity, freshly emitted particle number concentrations are greatly reduced, similar to upwind background locations. This indicates that emission intensity is the main driving force for the spatial complexity of particle number concentration across the urban scale in our study.

In contrast, particle mass concentration shows much less spatial variability than particle number. Aged background particles dominate total mass in all areas across the city. The modest variability of background particle mass is likely due to imperfect temporal corrections and uncertainties in the instrument. Traffic and cooking particle mass increase in the city center but only contribute about 10% to the total mass concentration.

[Figure 2C](#f2){ref-type="fig"} shows the size distribution of three particle types measured by the NanoScan particle sizer ($11.5–365\text{ \ nm}$ size range). The NanoScan does not resolve particle source information but because we sampled in representative source-dominated locations (inside a tunnel and inside a restaurant plume), we are confident that the sources of fresh emissions were almost exclusively traffic and restaurant cooking, respectively. As [Figure 2C](#f2){ref-type="fig"} shows, the size distribution of traffic particles has the smallest mode. Total particle number concentration is also highest in the traffic tunnel, illustrating the high emissions of particle number from vehicles. Cooking particles are larger than fresh traffic emissions, and aged background particles, which have grown by coagulation and condensation, are the largest. This explains why, though they are more numerous in the source-active areas and the primary driver for intra-city variations in particle number, traffic and cooking particles contribute (much) less to particle mass than background particles ([Figure 2B](#f2){ref-type="fig"}).

Model Predictions of Sourced-Resolved Particle Number and Mixing State {#s3.2}
----------------------------------------------------------------------

As described in the "Methods" section, we built LUR models to predict the spatial distribution of traffic and cooking particle number concentrations as well as particle mixing state. [Table 1](#t1){ref-type="table"} summarizes the selected covariates, validation, and performance of the models. Vehicle density, restaurant counts, and major road length are the major covariates selected to predict traffic particles, cooking particles, and mixing state, respectively.

###### 

Summary of source-specific LUR models for traffic and cooking particle number concentration and mixing state in Pittsburgh, Pennsylvania.

Table 1 lists covariates selected in the first column; the corresponding values for coefficient, partial r squared, model r squared, 10 fold validation, RMSE, and AME are listed in the other columns.

  Covariates selected[^*a*^](#TF2){ref-type="table-fn"}                                                                 Coefficient              Partial $R^{2}$   Model $R^{2}$   Ten-fold validation $R^{2}$   RMSE ($n{/{cm}}^{3}$)   AME ($n{/{cm}}^{3}$)
  --------------------------------------------------------------------------------------------------------------------- ------------------------ ----------------- --------------- ----------------------------- ----------------------- ----------------------
  Traffic                                                                                                               ---                      ---               0.58            0.54                          1,936                   1,524
   Vehicle density in all roads ($100\; m$)                                                                             21.48                    0.37              ---             ---                           ---                     ---
   Diesel annual average daily $\text{travel} \times \text{squared}$ inverse distance to the nearest road ($100\; m$)   321.5                    0.21              ---             ---                           ---                     ---
   Intercept                                                                                                            1,577                    ---               ---             ---                           ---                     ---
  Cooking                                                                                                               ---                      ---               0.67            0.61                          1,479                   1,119
   Restaurant counts ($100\; m$)                                                                                        12.87                    0.37              ---             ---                           ---                     ---
   Major road length ($1,000\; m$)                                                                                      0.0505                   0.24              ---             ---                           ---                     ---
   Population density ($1,000\; m$)                                                                                     0.1633                   0.06              ---             ---                           ---                     ---
   Intercept                                                                                                            $- 717.8$                ---               ---             ---                           ---                     ---
  Mixing State ($1 - \chi$), unitless                                                                                   ---                      ---               0.63            0.58                          0.06                    0.05
   Major road length ($1,000\; m$)                                                                                      $5.77 \times 10^{- 6}$   0.54              ---             ---                           ---                     ---
   House density ($300\; m$)                                                                                            $7.59 \times 10^{- 5}$   0.06              ---             ---                           ---                     ---
   NEI point source density ($30\;{km}$)                                                                                9.44                     0.03              ---             ---                           ---                     ---
   Intercept                                                                                                            $- 0.304$                ---               ---             ---                           ---                     ---

Note: ---, not applicable; AME, absolute mean error; LUR, land-use regression; NEI, National Emission Inventory; RMSE, root mean square error.

Covariate data sources: Allegheny County Health Department (<http://infoportal.alleghenycounty.us/data.html>), Pennsylvania Department of Transportation, National Emission Inventory (<https://www.epa.gov/air-emissions-inventories/2017-national-emissions-inventory-nei-data>), Pennsylvania Spatial Data Access (<http://www.pasda.psu.edu/uci/DataSummary.aspx?dataset=56>), U.S. Census (<https://www.census.gov/geographies/reference-maps/2010/geo/2010-census-tract-maps.html>).

Predicted number concentrations of traffic and cooking particles in the Pittsburgh area using source-specific LUR models are shown in [Figure 3A,B](#f3){ref-type="fig"}. Overall, concentrations are highest in the downtown (Area 7 in [Figure 2](#f2){ref-type="fig"}). This neighborhood had the highest density of both traffic and restaurants in our sampling domain. The spatial pattern of traffic particles followed the road network. Traffic particle concentrations varied by more than one order of magnitude across the city. The concentration of cooking particles also shows large intra-city spatial heterogeneity with several clusters of hotspots in locations with high restaurant density. The AMS only detects particles ranging from $50–1,000\text{ \ nm}$. We expect that if we had included particles $< 50\text{ \ nm}$, the spatial variability of freshly emitted particle number concentrations would have been even larger.

![Predicted number concentration ($n{/{cm}}^{3}$) of (A) traffic particles, (B) cooking particles and (C) mixing state index ($\chi$, unitless) in Pittsburgh, Pennsylvania. Hot colors (red) indicate high number concentrations and a low (more externally mixed) mixing-state index. Spatial resolution is $200\; m \times 200\; m$. Note: $N_{50–1000}$, number of particles from $50–1,000\text{ \ nm}$ in aerodynamic diameter ($D_{p}$).](ehp-128-017009-g003){#f3}

The full LUR models yielded similar patterns as the source-specific LURs for cooking and traffic particles. Table S2 and Figures S7 and S8 show these models. The full LUR models select similar covariates to the source-specific models. For both cooking and traffic, the strongest predictor is the same in both the full and source-specific LURs. This illustrates the strong connection between emission sources and source-resolved particles measured here.

[Figure 3C](#f3){ref-type="fig"} shows the predicted spatial distribution of particle mixing state. In general, particle populations in the downtown and other areas with high fresh emissions were predicted to be more externally mixed, whereas particles in suburban areas low in source activities were more internally mixed. The mixing state metric $\chi$ varies by more than a factor of two across the sampling domain.

As described above, our LUR models were built from a combination of $200\; m \times 200\; m$ areas and larger neighborhoods. We tested the sensitivity of our models to this choice of aggregation. Table S3 shows source-specific LUR models built only from the $200\; m \times 200\; m$ areas. Overall, these LURs used the same covariates as the source-specific ([Table 1](#t1){ref-type="table"}) and full (see Table S2) LURs that used all of the available data for model building, though model $R^{2}$ values were slightly lower.

Source-Resolved Particle Number and Mixing State Exposure {#s3.3}
---------------------------------------------------------

We combined our predictions of source-resolved particle concentrations with American Community Survey U.S. Census block group data (<https://www.census.gov/geo/maps-data/>) to calculate the fine-scale population exposure in every grid cell of the domain ($200\text{-}m$ resolution). We then aggregated the results to characterize the cumulative population exposure. [Figure 4A](#f4){ref-type="fig"} shows the cumulative population exposure to particle number concentration. It also incorporates the corresponding particle mixing state in each grid cell, shown as color coding along the edge of the total particle number concentration. We contrast this new picture of population exposure with source-resolved particle-mass-based concentration for Pittsburgh using data from Gu et al. ([@c16]), which deconvolved particle mass to the same sources and had the same spatial resolution, shown in [Figure 4B](#f4){ref-type="fig"}. [Figure 4B](#f4){ref-type="fig"} is analogous to conventional bulk mass-based measurements.

![Normalized cumulative distribution of population exposure to background, traffic particles, and cooking particles on a (A) particle number concentration and a (B) particle mass concentration basis. Results are based on predictions of the source-resolved LUR models in Pittsburgh. The curve of total particle number in A is color-coded by the particle chemical mixing state. The background particle number concentration is the median concentration measured at the CMU campus, the central site of this campaign. Particle mass data in B are from Gu et al. ([@c16]). Note: CMU, Carnegie Mellon University campus; LUR, land-use regression.](ehp-128-017009-g004){#f4}

As [Figure 4](#f4){ref-type="fig"} shows, background particles contribute to both particle mass and number concentrations. Here we used the median concentration measured at the CMU campus, an urban background site because background particles were spatially homogenous ([Figure 2](#f2){ref-type="fig"}). Background particles contribute the majority of particle mass but are a much less important contributor to particle number. For example, [Figure 4](#f4){ref-type="fig"} indicates that more than 80% of the population is exposed to a total number concentration more than twice the background level. In contrast, due to the small mass contribution of freshly emitted particles, the overall spatial variability of mass exposure was relatively small---more than 80% of the population was exposed to concentrations of freshly emitted particles that were within 20% of the background mass concentration.

[Figure 4A](#f4){ref-type="fig"} also shows that particle number concentration correlates with particle mixing state. People who are exposed to elevated particle number concentrations are also exposed to a more externally mixed particle population. Again, this information cannot be resolved using conventional methods purely based on particle mass.

[Figure 4](#f4){ref-type="fig"} shows that traffic and cooking have different contributions to particle mass and number exposures. As shown in [Figure 4B](#f4){ref-type="fig"} and described by Gu et al. ([@c16]), fresh cooking emissions have an equal or larger contribution to particle mass exposures than fresh traffic emissions. However, [Figure 4A](#f4){ref-type="fig"} shows that traffic was a larger contributor to particle number exposures. This is also apparent in [Figure 3](#f3){ref-type="fig"}, where the predicted range of traffic particle concentrations is more than double the range for cooking particles. This occurred because vehicles have high emissions of small particles ([Figure 2C](#f2){ref-type="fig"}) that contribute more to particle number than to mass.

We also compared the particle number concentration of traffic and cooking particles in different communities stratified by race and household income (see Figure S9). We found no significant trend of exposure injustice for traffic particles in Pittsburgh. We attribute this to the fact that in Pittsburgh most minority and low-income neighborhoods do not contain major highways or arterial roads. Other U.S. cities may have different spatial patterns. Asians are predicted to be exposed to a higher level of cooking particles than other races. This could be due to the fact that neighborhoods containing the two major university campuses in Pittsburgh where many Asian students live also have high restaurant densities.

Discussion {#s4}
==========

A More Realistic Estimate of Fine Particle Exposure {#s4.1}
---------------------------------------------------

By using advanced single-particle mass spectrometry that resolves detailed physiochemical information of atmospheric particles, we provide a more atmospherically realistic picture of spatial distribution of fine particle concentrations in a populous urban environment. Our new perspective much more closely matches the state of PM as it actually exists in the atmosphere (and what we breathe) compared with bulk measurements.

Considering particle number versus mass substantially alters our perspectives on population exposure to fine PM. Our results suggest that within-city variability of PM pollution is much larger than conventional mass-based methods indicate. Therefore, our results significantly extend many existing intra-city particle exposure estimates, which are based solely on mass ([@c12]; [@c19]; [@c24]; [@c35]), by showing much larger spatial gradients of source-resolved particle number concentration compared with source-resolved mass concentration.

Appropriately resolving the patterns of freshly emitted particle pollution is important for understanding spatial variations of PM exposure and intra-city variations of PM health effects. First, our results highlight that freshly emitted and background particles differ significantly in size, which determines their deposition efficiency in the respiratory tract. Second, our results demonstrate that freshly emitted and background particles have distinct chemical composition important to toxicities. Fresh emissions are generally more hydrophobic than aged background particles, which are dominated by oxidized organics and sulfate (see Figure S1). Fresh traffic particles also contain black carbon and particle-bound metals (the latter of which were not detected in our measurements). Third, freshly emitted particles are often strongly associated/co-emitted with other primary hazardous pollutants such as carbon monoxide and nitrogen oxides ([@c4]; [@c28]), which has strong implications for multipollutant health effects ([@c10]).

A growing body of research demonstrates that intra-urban air pollution exposure gradients may lead to risk contrasts at least as large as those that result from differences in urban background concentrations among individual cities, and related work has suggested that certain source-related air pollution signatures may have enhanced health risks ([@c23]; [@c55]). Alexeeff et al. ([@c1]) showed that intra-urban differences in source-related exposure---in their case, exposure to traffic air pollutants---contributed to fine-scale differences in cardiovascular health within individual neighborhoods. Our chemical measurements of individual particles with mobile sampling more directly resolve the source-related particle number at finer spatial scale compared with studies that relied on statistical methods and stationary measurements ([@c26]; [@c52]; [@c53]). Future studies incorporating these types of measurements can assist in improving the assessments of health burden attributable to different sources and ultimately facilitate effective pollution control.

Our detailed measurements of the chemical composition of individual particles by single-particle mass spectrometry also allow us to determine the chemical mixing state of the particle populations we sampled. This, to our knowledge, is the first study that evaluates the spatial variation in mixing state and its effects on population exposure. Our results indicate that external mixing is associated with a high number concentration. Health effects of chemical mixing state are largely unexplored and therefore uncertain, but some studies have revealed a potential health influence of particle mixing state ([@c7]; [@c8]).

The overall approach we developed in this study serves as a good starting point to characterize intra-urban PM exposure beyond mass in other cities. The particle number concentration and chemical mixing state in Pittsburgh are strongly associated with common sources in urban environments. Future studies can apply a similar approach to other major metropolitan areas to examine transferability and generalizability of this approach and ultimately refine PM exposure estimates on the national scale.

Limitations {#s4.2}
-----------

The number concentrations and mixing state values we predict here are from relatively short-term sampling because we visited each neighborhood a limited number of times (one to six times). Many LUR models for predicting ultrafine particle concentration are based on short-term mobile or stationary sampling ([@c47]) and increasing sampling time will improve model performance. As mentioned above, for areas we sampled multiple times, our visits were spread out over different times of the day to reduce biases toward low or high emission scenarios. PM pollution from fresh emissions such as traffic and cooking activities can have strong temporal profiles in Pittsburgh ([@c45]); background particle concentrations are also temporally variable. The major source areas of fresh emissions---roads and restaurants---are stationary, therefore spatial patterns of source-resolved PM should be relatively robust (e.g., downtown should always have more traffic particles than the urban background). Given the size of our current data set, we were not able to resolve temporal variations but, rather, present a picture of average concentrations. Future studies should increase the sampling time for better temporal resolution. In addition, the different frequency of visits to each neighborhood may cause some uncertainties in the spatial patterns of model inputs. However, several other studies from the same campaign that conducted a greater number of visits to the neighborhoods have identified similar sources and spatial variations of source-specific pollutant level in Pittsburgh ([@c16]; [@c30]; [@c45]). This indicates that the spatial patterns of our model inputs should be relatively robust.

The detection efficiency of particles decreases as particle size decreases in our instrument, causing higher uncertainties for quantifying the concentration of small particles. In addition, our analysis does not include nucleation as a source for ultrafine particles due to the size cutoff of the AMS measurements. Nucleation in Pittsburgh is likely a minor contributor to particle number concentration at present. A recent study by Saha et al. ([@c48]) showed that the frequency and intensity of nucleation in Pittsburgh has been reduced by half over the past 15 y and that locally nucleated particles constitute only around 6% of the particle number concentration. We also did not quantify particulate metal measurements because metal quantification by the instrument is challenging ([@c5]). Regardless, this work is, to our knowledge, the first to measure and predict both source-resolved number concentration and particle chemical mixing state of ambient PM, providing a more atmospherically realistic exposure estimate.

Supplementary Material
======================

###### 

Click here for additional data file.

###### 

Click here for additional data file.
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